Inference of basin flood potential using nonlinear hysteresis effect of basin water storage: case study of the Koshi basin Pennan Chinnasamy ABSTRACT Current flood forecasting tools for river basins subject to extreme seasonal monsoon rainfall are of limited value because they do not consider nonlinearity between basin hydrological properties. The goal of this study is to develop models that account for nonlinearity relationships in flood forecasting, which can aid future flood warning and evacuation system models. Water storage estimates from the Gravity Recovery and Climate Experiment, along with observed discharge and rainfall data were used to develop two multivariate autoregressive monthly discharge models. Model-I was based on rainfall only, while Model-II was based on rainfall and water storage estimates for the Koshi subbasin within 
INTRODUCTION
The relationship between monsoon rainfall and discharge mechanisms may be nonlinear in many basins, e.g., in basins where the contribution of storage is important to discharge (Moore et al. ; Reager & Famiglietti ; variate, e.g., rainfall) or multiple properties (multivariate, e.g., combination of soil moisture, antecedent discharge, rainfall, etc.). However, due to the challenges in identifying and modeling the various discharge mechanisms, there remain limitations in current methods (Porporato & Ridofi ) , especially in site-specific monsoonal flood analysis (e.g., regions in the Ganges basin). If such studies are successful in effectively predicting discharge and floods, their methodology in identifying multivariate mechanisms can then be incorporated in other regions with similar severe monsoonal floods. However, data availability is the key concern in this type of modeling.
In recent years, remote sensing platforms have aided in estimation of various hydrological variables at the basin scale that can be used to improve flood prediction tools for regions where observation data are scarce or unavailable. Access to such remotely sensed data is less costly than field measurements. Remotely sensed data from the The primary objective of this study is to introduce a new unique river forecasting model (for a basin affected by severe monsoon floods) based on explanatory variables including the traditional hydrological variables; rainfall and discharge as well as water storage estimates obtained from remote sensing (GRACE) data. Improvement in the accuracy of the model due to the inclusion of water storage estimates will be assessed. To achieve this, a base model (Model-I) will be identified, using only observed rainfall data, and its accuracy assessed against observed discharge.
The model is coupled with GRACE TWS data (Model-II) and evaluated against observed data to quantify the improvement in model predictions for the Koshi subbasin (as a case study) of the Ganges River basin. In addition, the ability of the models to predict the 2008 Koshi floods, with 1 to 12 month lead time, will be evaluated. Finally, a discussion will be provided on how the resulting model can be used by land managers and disaster management teams to both aid in future flood prediction models and to quantify the value of groundwater flood storage for flood management. This study will be the first to employ 'fixed effects' multivariate nonlinear regression modeling to develop a flood prediction model that accounts for the nonlinear hysteresis (unlike many past models that consider linearity) effect of basin storage on flood discharge. This model framework provides the ability to predict river discharge in regions with similar flow mechanisms and regions affected by seasonal floods and in regions with limited observation data.
STUDY AREA
Of the Himalayan rivers that flow into the Ganges, the Koshi is the largest and has the world's largest river-built alluvial fan extending to 180 km long and 150 km wide.
The Koshi River basin is a trans-boundary basin encompassing portions of the following countries: China, Nepal, and India. Of the total catchment area of 87,311 km 2 , 33%
(28,300 km 2 ) is located in China, 45% (39,407 km 2 ) in Nepal, and 22% (19,604 km 2 ) in India, respectively Monthly rainfall data were collected from 127 DHM rain gauge stations across the Koshi basin. Monthly DHM data were used, as GRACE is at monthly resolution.
DHM collects rainfall at daily intervals, and hence the data were converted to monthly totals for each station. Finally, the monthly rainfall for the Koshi basin was estimated from the average (using Theissen polygon method) of all the stations in the basin. No kriging or isohyetal analysis was done.
Flood source identification
Developing a better understanding of flood components will aid in formulating proactive flood management tools (e.g., models). This improved understanding combined with the time lagged flood prediction models can greatly reduce future flood impacts (Mool et al. ) . Figure 2 illustrates a hypothetical plot of rainfall versus discharge, which can be used to understand the hydrological processes for stream flow generation. In this conceptual model, any deviations from linearity (i.e., hysteresis) indicate that other hydrological processes in addition to rainfall, contribute to the discharge. An anticlockwise hysteresis loop in the discharge versus rainfall plot implies that a considerable contribution from groundwater storage to stream discharge exists (as shown in Figure 2 ). Groundwater storage fills during the pre-monsoon months, and as a result, less rainfall is transferred to baseflow discharge in pre-monsoon months.
During post-monsoon months, groundwater storage contributes to discharge in addition to contributions from rainfall.
Thus, higher discharge is noted (nonlinearity) producing an anticlockwise hysteresis loop. In such instances, the groundwater storage peaks before the peak discharge, and as a result, floods occur when the groundwater flux contributes with high rainfall. On the other hand, a clockwise hysteresis loop indicates rapid increase in discharge with increase in rainfall, thus indicating a flashy system. The relationship between rainfall and discharge is not homogenous or linear in the Koshi basin due to strong 
Applying logarithms we obtain:
where Q(t) is the discharge in month t, P(t) is precipitation, the intercept term is ln(β 0 ) and the slope term is β 1 . As noted in Figure 2 , the catchment hysteresis may have two legsone prior to monsoon and the other post-monsoon. Thus, the exponent β 1 in Equation (1) may change from positive as the floods increase from January to September, to negative, as the season progresses back to December.
Therefore, a dummy variable, Season, is introduced in Equation (2), which will take a 0 value for months from January to August and 1 for September to December. The resulting equation is of the form:
where, β 2 and β 3 are model coefficients.
To analyze the potential value of adding other explanatory variables to model-I, such as TWS and rainfall as stream discharge predictors, the following model was considered:
where TWSA is the basin wide average of the GRACE terrestrial water storage anomaly, β 4 and β 5 are model coefficients.
Lead time in months was introduced in Equations (3) and (4) to investigate if discharge can be predicted ahead of time, as follows:
where, τ is lead time in months and takes the values 1 to 12 months, depending on the lead time prediction needed.
RESULTS AND DISCUSSION
Rainfall, discharge, and GRACE TWSA
The annual average rainfall for the Koshi basin over the study period (2000 to 2010) indicated no significant change in the rainfall pattern. Hence, the time period used for the analysis does not appear to be marked by any unusual changes in annual rainfall, and thus the study results can be used to predict floods during other average rainfall periods. A trend analysis on the discharge and TWSA time series also showed negligible trends over the study period.
Flood source identification
A plot of monthly TWSA versus discharge is shown in Figure 3 . The lower envelope of the relationship in Figure 3 indicates the minimum discharge response for a given storage anomaly. It was noted that higher water storage was mostly associated with peak flows in the basin. The relationship between TWSA and discharge can thus be used to proactively identify and potentially discharge the excess storage (e.g., by pumping for agricultural use) in pre-monsoon months in order to reduce the magnitude of peak flood in the subsequent monsoon months. In order to confirm the importance of the water storage component in the Koshi discharge, the hysteresis behavior was analyzed using Equations (4) and (5).
The chronology of the rainfall and discharge exhibits a In order to understand the ability of the above models in predicting floods, the modeled discharge was compared against observed average monsoon (non-flood) discharge - The current study used the discharge and rainfall data in addition to the GRACE TWSA data to achieve a better correlation between actual and modeled discharge. The GRACE TWSA and R package, used for estimating model coefficients, was a free source and hence the current model is cost-effective and less data intensive when compared to many previous studies. These attributes and the satisfactory flood prediction capability of our model can serve as baseline models for future complex models that can effectively predict peak floods. In addition, unlike other studies that do not consider basin water storage parameters, a better understanding of the contribution of TWSA to stream discharge can be valuable for flood management.
It is also important to note that nonlinearities may differ between sites, due to differences in the dominant processes that impact discharge and floods. As a result, it is recommended that site-specific nonlinearities be deduced from the long-term discharge data and GRACE data (as conducted in the current study) before employing them in the flood prediction models.
The analysis presented in this study, for the first time, this study, the effect of this accuracy was assumed to be averaged out in the long-term analysis, i.e., 10 years. The accuracy and sensitivity of GRACE data are getting better with new tools and methods, which are constantly being upgraded by the GRACE team. Once the newer version of the data is available, future studies can engage in using the method described in this paper, with better version data to obtain improved results, if any.
LIMITATIONS AND FUTURE DIRECTIONS
In addition, due to the monthly resolution of GRACE data, it is to be noted that the flood analysis was done using monthly mean discharge data, which may result in averaging out of peak flow characteristics. However, there were no other data available currently that could be used for the model's objectives. The author urges future researchers to include other observation data and remote sensing data, when and if available, to understand more about the proposed methodology in the future. It is to be noted that future GRACE missions are aimed at providing data at higher temporal resolution. Therefore, this study's model can be upgraded by incorporating the future GRACE data into the nonlinear regression models.
One important future direction of this study is to serve as a baseline paper in identifying the importance of groundwater storage on peak discharge in mountainous regions, especially in Nepal, where observation data are scarce.
Many new methods are being tested for flood prediction in Nepal, and therefore, their results can be compared in the future against results from this paper. In addition, since most of the methods do not rely on groundwater storage, results from this paper can be used in unison with their methods, wherein groundwater compartment might be an important factor to consider.
CONCLUSIONS
The current study highlights the importance of incorporat- 
